In order to achieve accurate identification of a shearer cutting state, infrared thermal images were creatively adopted in this paper. As the position of a shearer cutting unit is constantly changing, and the temperature in the vicinity is obviously distinct, mathematical morphology theory was used to detect the cutting unit in an infrared thermal image. Furthermore, a target tracking method is put forward to achieve cutting unit tracking based on the combination of morphology and a spatio-temporal context (STC) algorithm. Then, the temperature field features of this tracking area were extracted, and an intelligent classifier based on a support vector machine (SVM) was constructed to identify the cutting state of the shearer. Some experiments are presented, and the results indicate the feasibility and superiority of the proposed method.
Introduction
At the longwall face, the shearer is an important piece of equipment, because it is responsible for cutting the coal and discharging the cut coal onto the armored face conveyor. The intelligence level of the shearer directly determines the mining efficiency of coal resources, and even affects the safety of coal miners and the service life of shearers. Theory and practice indicate that the accurate identification of a shearer cutting state is the prerequisite of, and basic guarantee for, achieving intelligent control of the shearer. Therefore, it is necessary to further study recognition technology for shearer cutting states [1] . Domestic and foreign scholars mainly focus on coal and rock recognition which is specific to the identification method of cutting states; this mainly includes γ ray detection [2] , temperature detection of cutting picks [3] , the vibration detection method [4, 5] , radar detection method [6] , and so on. In recent years, many other methods have also been developed. In Reference [7] , a coal and rock identification technology based on a Gaussian hybrid clustering algorithm was proposed according to the different characteristics of coal and rock. Tian L.Y. et al. [8] adopted the grey prediction theory, and put forward a comprehensive coal and rock identification method based on the force analysis of the shearer rocker-arm idler shaft. In Reference [9] , the dual-tree complex wavelet transform was used to decompose the coal and rock images on multiple levels, and a coal and rock recognition method based on the statistical modeling of a dual-tree complex wavelet domain was proposed. In Reference [10] , several signals of vibration, resistance moment, and the motor current of the shearer cutting coal wall were fused, and the coal and rock identification model was established. Furthermore, Xu J. et al. [11, 12] put forward a cutting pattern recognition method based on the sound signal of a shearer cutting
Shearer Cutting Unit Detection in Infrared Thermal Images
In the mining process of a shearer, the cutting unit motor drives the roller to achieve coal breaking. The cutting load is very high, resulting in faster temperature rise of the cutting part. Meanwhile, the drastic friction between the roller and coal wall produces a large amount of heat, which makes the temperature of the whole cutting unit higher than that of the surrounding objects. When the shearer is in different cutting states, the temperature change of the cutting unit is very sensitive, and can be called a sensitive region. Therefore, the first step of our proposed method was to detect this sensitive region in an infrared thermal image based on mathematical morphology theory.
The Basic Theory of Mathematical Morphology
In image processing, morphology takes the morphological features of an image as its processing object, and describes the relationships among elements and parts in the image. When dealing with the related morphological features, the image region can be operated logically by using a structured element that can be segmented and extracted for various morphologies, making it easier to detect and identify the active parts in the image. As a field operation, the morphology of the image combines the structural elements with the pixels by logic operation. The output image is the result of the interaction between the structural element and the original image. In the morphology algorithm, corrosion and swell are two basic operations, as shown in Figure 1 . 
In image processing, morphology takes the morphological features of an image as its processing object, and describes the relationships among elements and parts in the image. When dealing with the related morphological features, the image region can be operated logically by using a structured element that can be segmented and extracted for various morphologies, making it easier to detect and identify the active parts in the image. As a field operation, the morphology of the image combines the structural elements with the pixels by logic operation. The output image is the result of the interaction between the structural element and the original image. In the morphology algorithm, corrosion and swell are two basic operations, as shown in Figure 1 . The corrosion operation reduces or refines the objects in the image, and can be regarded as a morphological filter. Some unimportant image details (smaller than a structural element) are removed so that key information elements can be retained. The swell operation will increase or coarsen the image objects, so that the key elements can be amplified to obtain more complete details.
Image morphology operations can be represented by mathematical set theory. Assuming that set B is a structural element, the corrosion of set B to set A can be defined as:
where z is a point in set A and (B)z is the translation of the central point of set B according to point z = (z1, z2). If B is completely contained by A, then this point is marked as a point of the new set; otherwise, the point will not belong to the new set. Analogously, the swell of set B to set A can be defined as:
where is the reflection of set B, which can be obtained by the transformation from (x, y) to (−x, −y) of each point in set B. ( )z is also the translation of the central point of set according to point z = (z1, z2). Some points covered by the translation of set will form a new set; this process is the swell of B to A.
Feature Capture of a Shearer Cutting Unit in Infrared Thermal Images
The infrared image of cutting a coal wall obtained through an infrared thermal imager demonstrates strong temperature information features. Therefore, this characteristic can be combined with morphology theory to capture the location features of a shearer cutting unit; the flowchart of this process is shown in Figure 2 . The corrosion operation reduces or refines the objects in the image, and can be regarded as a morphological filter. Some unimportant image details (smaller than a structural element) are removed so that key information elements can be retained. The swell operation will increase or coarsen the image objects, so that the key elements can be amplified to obtain more complete details.
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Binarization Processing
By setting the gray value of pixels in an image to 0 or 255, a binary image can be obtained. The amount of information in the image is greatly reduced, making the object features more obvious. Since the image is segmented, many pixels with similar gray values collectively form a specific region. For example, there is a distinct difference between the gray values of different objects, so we can reset the gray values of image pixels by a given threshold value. Because the infrared thermal image in this paper used the iron-red color palette, the rgb2gray function of MATLAB was first applied to gray-scale processing, and then the im2bw function was used to achieve binarization. The binarization result of an infrared thermal image is shown in Figure 3 . 
Morphological Corrosion and Swell
Through a corrosion operation, the insensitive area in the binary image can be removed, and the sensitive area (also called the 'object area') is reduced, as shown in Figure 4a . The reason is that the objects featured in infrared thermal images are not concentrated enough after binarization processing. There are not enough remaining points after the corrosion operation to reflect the whole object. So, we need to treat them with the morphological swell, the result of which is shown in Figure 4b . In addition, structural elements have a significant influence on corrosion and expansion effects, so suitable structural elements need to be selected for different images according to many simulations. 
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Morphological Corrosion and Swell
Through a corrosion operation, the insensitive area in the binary image can be removed, and the sensitive area (also called the 'object area') is reduced, as shown in Figure 4a . The reason is that the objects featured in infrared thermal images are not concentrated enough after binarization processing. There are not enough remaining points after the corrosion operation to reflect the whole object. So, we need to treat them with the morphological swell, the result of which is shown in Figure 4b . In addition, structural elements have a significant influence on corrosion and expansion effects, so suitable structural elements need to be selected for different images according to many simulations. After the above processing, the position of the pixels in the image can be analyzed to detect and obtain the approximate position of the cutting unit, which can provide a powerful guarantee for subsequent processing.
Location Detection
In Section 2.2.2, the features of a shearer cutting unit are listed, but these features cannot fully represent the shape and accurate position of the cutting part. In this paper, the minimum enclosed rectangle method was used to measure the features in the image; as such, the location of the shearer cutting unit could be reasonably determined. The concrete steps are as follows:
(1) First, we used the bwlabel function in MATLAB to search the connected components in the image, that is, the white block area or the cutting-unit features. (2) Then, the regionprops function was used to measure the properties of the white block area, and the BoundingBox function was used to make the minimum rectangle containing all cutting-unit features. The location information of the rectangle in the image could be obtained, which was a 1 × 4 matrix of [a, b, c, d] . Then, the position of the shearer cutting unit in the image processed by morphology could be roughly determined, as shown in Figure 5 . In the matrix, a and b are the coordinates of point B in the image, and c and d are the length and width of the matrix, respectively. 
Shearer Cutting Unit Tracking in Infrared Thermal Images
In order to achieve the online identification of a shearer cutting state, the position of the cutting After the above processing, the position of the pixels in the image can be analyzed to detect and obtain the approximate position of the cutting unit, which can provide a powerful guarantee for subsequent processing.
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Shearer Cutting Unit Tracking in Infrared Thermal Images
In order to achieve the online identification of a shearer cutting state, the position of the cutting unit in the infrared video must be tracked in real time so that cutting-temperature-characteristic 
In order to achieve the online identification of a shearer cutting state, the position of the cutting unit in the infrared video must be tracked in real time so that cutting-temperature-characteristic information can be accurately extracted. In this paper, on the basis of the location detection of the cutting part, a space-time context algorithm was utilized to achieve cutting unit tracking.
Spatio-Temporal Context (STC) Target Tracking Algorithm
The core of the STC algorithm is to make full use of the STC information in the image sequence to track the target. By using the coherent information of time and space in a video image, any tracking problem can be described as a probability matter, in that the prediction target may appear at all locations in the scene. Thus, a confidence map can be calculated to represent the likelihood ratio of the predicted target location, as follows:
where x represents the predicted target location, and o denotes the STC information. Therefore, the location x* that makes the maximum value of confidence map c(x) is the target location predicted in the next frame. In addition, I(z) is the grayscale of point z and Ω c (x * ) represents a local region of target x*.
Seen from Formula (3), the confidence map c(x) can be divided into two parts. First, the conditional probability P(x|c(z), o ) establishes the spatial relationship between the target and the context information, which is called the spatial context model. The second part is the context priori probability P(c(x)|o ) of each point x in the modeling region. Conditional probability needs to be learned in advance. The schematic diagram of the STC tracking algorithm can be shown in Figure 6 . information can be accurately extracted. In this paper, on the basis of the location detection of the cutting part, a space-time context algorithm was utilized to achieve cutting unit tracking.
The core of the STC algorithm is to make full use of the STC information in the image sequence to track the target. By using the coherent information of time and space in a video image, any tracking problem can be described as a probability matter, in that the prediction target may appear at all locations in the scene. Thus, a confidence map can be calculated to represent the likelihood ratio of the predicted target location, as follows: Seen from Formula (3), the confidence map c(x) can be divided into two parts. First, the conditional probability 
Spatial Context Model
The conditional probability function of the spatial context model can be defined as follows: 
Context Priori Model
The priori probability of a context prior model can be defined as follows:
where I(z) represents the surface features of the pixels in the tracking context area, and σ ω is a weighting function. If point z in the region is closer to target x, the weight will be larger. The weight function is defined as: 
Spatial Context Model
The conditional probability function of the spatial context model can be defined as follows:
h sc (x − z) is a function that describes the relative distance and direction of the target x and local context location z, which can be obtained by continuous learning, and is constantly updated with the tracking of the target. In addition, h sc (x − z) is not a radial symmetric function. It can analyze the spatial relationship between the target and the local context, and solve the two heterogeneous problems of close-range similar target.
Context Priori Model
where I(z) represents the surface features of the pixels in the tracking context area, and ω σ is a weighting function. If point z in the region is closer to target x, the weight will be larger. The weight function is defined as:
where a is a normalized parameter, which can limit the range of prior probability to [0, 1], and σ represents a scale coefficient.
Confidence Map
The confidence map of the target location is defined as:
where b is also a normalized parameter, α is a scale coefficient, and β is a shape coefficient. Too large or too small β values lead to poor tracking results. Through a lot of tests, it was determined that when β was set to 1, the tracking effect was most stable.
Fast Learning of the Spatial Context Model
By merging Equations (3)- (5) and (7), the following formula could be obtained.
The convolution operation in the time domain can be converted into product calculation in the frequency domain by fast Fourier transform (FFT) so as to reduce computation. Therefore, Formula (8) can be changed to:
The spatial context model can be obtained through two FFTs and one inverse FFT.
In the t frame of a video, the spatio-temporal context model H stc t+1 (x) is updated through training the spatial context model h sc t (x), and is used to detect the location of the target in the t + 1 frame. In the image of the t + 1 frame, the local context area is delineated by the tracking position x * t in the t frame, and the corresponding context feature set is formed as x c t+1 = {c(z) = (I t+1 (z), z)|z ∈ Ω c (x * t ) }. The target location x * t+1 in the t + 1 frame is determined by the maximum likelihood estimation of the new confidence map.
The updating of the spatio-temporal context model is achieved as:
where ρ is the learning rate parameter. The location of the target in the t + 1 frame is:
where the confidence map c t+1 (x) in the t + 1 frame can be expressed as:
Shearer Cutting Unit Tracking Based on Combination of Morphology and STC
As per the analysis in Section 3.1, the STC algorithm was based on the relationship between the target and its surrounding space in the previous frame to find the location of the target in the next frame. Although the algorithm has good tracking ability for partial occlusion and deformation, the target is lost and cannot be found again if it is completely blocked, or its scale is changed significantly. In addition, the algorithm needs to locate the target ahead of time in order to achieve subsequent target tracking. Therefore, in order to improve the applicability of STC, this paper combines morphology and the STC algorithm to achieve the online tracking of a cutting unit during the shearer working process.
The flowchart of the shearer cutting unit tracking method is shown in Figure 7 . Firstly, the initial location of the shearer cutting unit in the t − 1 frame image is obtained by morphology, and then the STC is utilized to automatically track the cutting unit in the t frame image. The new morphological positioning is carried out again when the maximum likelihood estimation value of the confidence map is lower than the threshold. The new location of the cutting unit is determined again, and re-tracking can be achieved.
The flowchart of the shearer cutting unit tracking method is shown in Figure 7 . Firstly, the initial location of the shearer cutting unit in the t − 1 frame image is obtained by morphology, and then the STC is utilized to automatically track the cutting unit in the t frame image. The new morphological positioning is carried out again when the maximum likelihood estimation value of the confidence map is lower than the threshold. The new location of the cutting unit is determined again, and retracking can be achieved. 
Online Identification System of a Shearer Cutting State
After the location and tracking of a shearer cutting unit in infrared thermal images, the infraredimage information of a shearer cutting coal at any time can be obtained, which contains a large amount of temperature information between the cutting unit and coal wall. Through the feature extraction of this temperature field and an intelligent classification algorithm such as SVM, online recognition of the shearer cutting state can be scientifically realized. In general, the online recognition system of a shearer cutting state can be illustrated as Figure 8 . 
Experiment Validations
Construction of Experiment Platform
In order to collect an infrared thermal-imaging video that is more consistent with actual working conditions, a self-designed experimental system for a shearer cutting coal was set up in Figure 9 , which mainly contains a shearer, simulated coal wall, infrared thermal imager, and data acquisition software. When the shearer was cutting the coal wall, the dust cloud was very large and it was difficult for the personnel to get close. In this experiment, the model of the infrared thermal imager is MAG32, which has high image clarity and temperature sensitivity. It is widely used in industrial detection, research and development, on-line detection, human body temperature measurement, and other fields. MAG32 can realize automatic focusing, and can automatically correct emissivity, background temperature, input transmittance, and atmospheric transmittance, so that the measured temperature data is more accurate, and can display the punctuation temperature in real time. In the platform, the infrared thermal imager was fixed on a long rod to be close to the coal wall and collect the infrared thermal imaging signal. The shearer model is MG500/1130-AWD, the total installed power is 1130 KW, and the power of each cutting motor is 500 KW. The drum diameter is 1.2 m and the traction speed is set to 2.5 m/min during the experiment. Normally, the shearer is equipped with some water sprays for cooling cutting bits and dust suppression, and the spray pressure is 1 MPa. The length of the coal wall is 70 m and the height is 3 m. It was composed of four parts according to 
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Construction of Experiment Platform
In order to collect an infrared thermal-imaging video that is more consistent with actual working conditions, a self-designed experimental system for a shearer cutting coal was set up in Figure 9 , which mainly contains a shearer, simulated coal wall, infrared thermal imager, and data acquisition software. When the shearer was cutting the coal wall, the dust cloud was very large and it was difficult for the personnel to get close. In this experiment, the model of the infrared thermal imager is MAG32, which has high image clarity and temperature sensitivity. It is widely used in industrial detection, research and development, on-line detection, human body temperature measurement, and other fields. MAG32 can realize automatic focusing, and can automatically correct emissivity, background temperature, input transmittance, and atmospheric transmittance, so that the measured temperature data is more accurate, and can display the punctuation temperature in real time. In the platform, the infrared thermal imager was fixed on a long rod to be close to the coal wall and collect the infrared thermal imaging signal. The shearer model is MG500/1130-AWD, the total installed power is 1130 KW, and the power of each cutting motor is 500 KW. The drum diameter is 1.2 m and the traction speed is set to 2.5 m/min during the experiment. Normally, the shearer is equipped with some water sprays for cooling cutting bits and dust suppression, and the spray pressure is 1 MPa. The length of the coal wall is 70 m and the height is 3 m. It was composed of four parts according to the Protodikonov's hardness coefficient f, i.e., f = 1~2, f = 2~3 f = 3~4 and f = 4~5. Thus, the shearer mainly contained four cutting patterns, represented by F1, F2, F3 and F4, respectively. In this paper, we simulated four typical harnesses of coal seams and the shearer was cutting only one type of material at a time with constant traction speed and drum height. The center height of the front drum was aligned with the center of the coal seam and the trailing drum was tangent to the bottom floor. An infrared thermal imager was used to observe the temperature changes when shearers cut each type of coal seam. In the obtained infrared thermal-imaging video, the iron-red was selected as the output color to better reflect the appreciation. The pixel size of the video was 384 × 288 and the rate was one frame per second. Some infrared thermal imaging-video screenshots of the shearer cutting a coal wall are shown in Figure 10 . 
Parameters Selection
In the proposed identification system, the real-time tracking of the cutting unit in infrared thermal images is the premise for accurate recognition of the shearer cutting state. A reasonable selection of parameters has great influence on the tracking effect, including the binarization threshold T1, the structure element [a1, b1] of the corrosion operation, the structure element [a2, b2] of the swell operation, and the maximum likelihood probability threshold T2.
(1) Selection of parameter T1
In order to select a suitable T1, many experiments have been conducted, and some of the experimental results are shown in Figure 11 . When T1 was set to 0.5, the cutting-unit characteristics in the binarization image were more distinct, and it had a better auxiliary effect on the following morphological processing. Therefore, T1 = was set as 0.5 in the following experiments. In this paper, we simulated four typical harnesses of coal seams and the shearer was cutting only one type of material at a time with constant traction speed and drum height. The center height of the front drum was aligned with the center of the coal seam and the trailing drum was tangent to the bottom floor. An infrared thermal imager was used to observe the temperature changes when shearers cut each type of coal seam. In the obtained infrared thermal-imaging video, the iron-red was selected as the output color to better reflect the appreciation. The pixel size of the video was 384 × 288 and the rate was one frame per second. Some infrared thermal imaging-video screenshots of the shearer cutting a coal wall are shown in Figure 10 . In this paper, we simulated four typical harnesses of coal seams and the shearer was cutting only one type of material at a time with constant traction speed and drum height. The center height of the front drum was aligned with the center of the coal seam and the trailing drum was tangent to the bottom floor. An infrared thermal imager was used to observe the temperature changes when shearers cut each type of coal seam. In the obtained infrared thermal-imaging video, the iron-red was selected as the output color to better reflect the appreciation. The pixel size of the video was 384 × 288 and the rate was one frame per second. Some infrared thermal imaging-video screenshots of the shearer cutting a coal wall are shown in Figure 10 . 
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As the morphological structural elements have great influence on the processing results of the binary images, a group of structural elements with universal adaptability could be acquired through many simulations. Some infrared thermal images that were randomly intercepted from the video and the processing results are shown in Figures 12 and 13 . The optimal a1, b1, a2, and b2 of the rectangular structure element can be determined according to a comparison with original images. As the morphological structural elements have great influence on the processing results of the binary images, a group of structural elements with universal adaptability could be acquired through many simulations. Some infrared thermal images that were randomly intercepted from the video and the processing results are shown in Figures 12 and 13 . The optimal a 1 , b 1 , a 2 , and b 2 of the rectangular structure element can be determined according to a comparison with original images. in the binarization image were more distinct, and it had a better auxiliary effect on the following morphological processing. Therefore, T1 = was set as 0.5 in the following experiments. (2) Selection of parameters a1, b1, a2, and b2
As the morphological structural elements have great influence on the processing results of the binary images, a group of structural elements with universal adaptability could be acquired through many simulations. Some infrared thermal images that were randomly intercepted from the video and the processing results are shown in Figures 12 and 13 . The optimal a1, b1, a2, and b2 of the rectangular structure element can be determined according to a comparison with original images. As shown in Figures 12 and 13 , if the corrosion-structure elements were too small, there were many residual uncoherent points after the corrosion operation, and when the corrosion-structure elements were too large, many useful characteristics of the shearer cutting unit were removed, which was not conducive to follow-up tracking. In addition, when the width and length of the swell structural elements increased, the external dimensions of the cutting unit were also augmented. By comparing this with the cutting unit in the original image, the corrosion-structure elements were selected as [4, 4] , and the swell-structural elements were selected as [40, 50] .
(3) Selection of the maximum likelihood probability threshold T2
In order to select the optimal maximum likelihood probability threshold, the infrared thermal imaging video containing the covered cutting unit was selected to carry out the tracking experiment. The maximum likelihood probability value of the confidence map in each frame was calculated, and some results are shown in Figure 14 . As shown in Figures 12 and 13 , if the corrosion-structure elements were too small, there were many residual uncoherent points after the corrosion operation, and when the corrosion-structure elements were too large, many useful characteristics of the shearer cutting unit were removed, which was not conducive to follow-up tracking. In addition, when the width and length of the swell structural elements increased, the external dimensions of the cutting unit were also augmented. By comparing this with the cutting unit in the original image, the corrosion-structure elements were selected as [4, 4] , and the swell-structural elements were selected as [40, 50] .
(3) Selection of the maximum likelihood probability threshold T 2
In order to select the optimal maximum likelihood probability threshold, the infrared thermal imaging video containing the covered cutting unit was selected to carry out the tracking experiment. The maximum likelihood probability value of the confidence map in each frame was calculated, and some results are shown in Figure 14 It can be found that the maximum likelihood probability values of the confidence maps from the 11th frame are lower than the first 10 frames in the video. The reason for this is that in the 11~15 frames, the shearer cutting unit is covered, resulting in target-tracking failure, and the target tracking from the 12th frame is actually wrong. After many experiments, T2 was set to 0.001 in this paper. When T2 was less than 0.001, it was necessary to change the location of the cutting unit by morphology, and then perform tracking again.
Tracking Effect Analysis of a Cutting Unit
In order to verify the superiority of the presented tracking algorithm, the single STC algorithm was also applied to the cutting unit tracking in an infrared thermal imaging video. The tracking results are shown in Figures 15 and 16 . Due to the limited space, only some tracking results in the key frames are listed in the paper.
In this infrared thermal-imaging video, the shearer cutting unit was completely blocked from the 12th frame, and did not reappear until the 17th frame. When the cutting section was tracked by the original STC algorithm, the target-tracking locations of the 13th to 16th frames were completely wrong and could not be re-tracked after the cutting unit reappeared. The reason for this is that the original STC was used to locate the target position in the next frame based on the relationship between the target and the surrounding space. When the cutting unit was completely obscured, the surrounding space information was insufficient, resulting in a failure to track the subsequent target location. However, the algorithm proposed in this paper can determine whether the target has disappeared by setting the maximum likelihood probability threshold, and then locating it by morphology. Even if the cutting unit is completely blocked in a few frames, it can still be re-tracked (from the 17th frame). It can be found that the maximum likelihood probability values of the confidence maps from the 11th frame are lower than the first 10 frames in the video. The reason for this is that in the 11~15 frames, the shearer cutting unit is covered, resulting in target-tracking failure, and the target tracking from the 12th frame is actually wrong. After many experiments, T 2 was set to 0.001 in this paper. When T 2 was less than 0.001, it was necessary to change the location of the cutting unit by morphology, and then perform tracking again.
In this infrared thermal-imaging video, the shearer cutting unit was completely blocked from the 12th frame, and did not reappear until the 17th frame. When the cutting section was tracked by the original STC algorithm, the target-tracking locations of the 13th to 16th frames were completely wrong and could not be re-tracked after the cutting unit reappeared. The reason for this is that the original STC was used to locate the target position in the next frame based on the relationship between the target and the surrounding space. When the cutting unit was completely obscured, the surrounding space information was insufficient, resulting in a failure to track the subsequent target location. However, the algorithm proposed in this paper can determine whether the target has disappeared by setting the maximum likelihood probability threshold, and then locating it by morphology. Even if the cutting unit is completely blocked in a few frames, it can still be re-tracked (from the 17th frame). 
Identification Results of Shearer Cutting State
In the infrared thermal imaging video, different colors represent different cutting temperatures; the brighter the image, the higher the temperature. As shown in Figure 17 , it was found that the brightness of the cutting unit was significantly higher than that of other parts during the cutting process, indicating that the location was the most calorific. However, under different cutting conditions, the temperature change is not conspicuous, and cannot be used as part of the temperature characteristics. 
In the infrared thermal imaging video, different colors represent different cutting temperatures; the brighter the image, the higher the temperature. As shown in Figure 17 , it was found that the brightness of the cutting unit was significantly higher than that of other parts during the cutting process, indicating that the location was the most calorific. However, under different cutting conditions, the temperature change is not conspicuous, and cannot be used as part of the temperature characteristics. Therefore, in order to extract representative feature information, this paper tried to analyze the temperature difference before and after cutting the coal wall in the tracking area. Meanwhile, the maximum, minimum, and mean of the temperature differences were chosen as the temperature parameters in the tracking area. Ten groups of temperature data under each cutting state were randomly extracted, as shown in Figure 18 . From Figure 18 , it can be found that when the hardness of a cutting coal wall increased, the temperature difference in the tracking area would also rise, and there would be obvious stratification in most sample data. This is because a coal wall with different hardness has greater force on the cutting part in the tracking area, and increases the work.
Furthermore, in order to improve the accuracy and efficiency of cutting state recognition, an SVM was utilized to carry out this goal in this paper. In this SVM, a radial basis function was selected as the Kernel function. The penalty factor and kernel parameter were optimized by cross-validation to avoid the overfitting phenomenon. For each cutting state, 30 samples were generated from the collected infrared thermal imaging video, and a total of 120 samples were used to train and test the SVM classifier. Without loss of generality, 15 samples were randomly selected from each cutting state as the training data, and the remaining 60 samples were utilized to test the classification performance. The identification results of cutting state based on the SVM are shown in Figure 19 . In the following description, the identification accuracy is obtained by the formula: (number of testing samples − number of misclassified samples)/number of testing samples × 100%. Therefore, in order to extract representative feature information, this paper tried to analyze the temperature difference before and after cutting the coal wall in the tracking area. Meanwhile, the maximum, minimum, and mean of the temperature differences were chosen as the temperature parameters in the tracking area. Ten groups of temperature data under each cutting state were randomly extracted, as shown in Figure 18 . Therefore, in order to extract representative feature information, this paper tried to analyze the temperature difference before and after cutting the coal wall in the tracking area. Meanwhile, the maximum, minimum, and mean of the temperature differences were chosen as the temperature parameters in the tracking area. Ten groups of temperature data under each cutting state were randomly extracted, as shown in Figure 18 . From Figure 18 , it can be found that when the hardness of a cutting coal wall increased, the temperature difference in the tracking area would also rise, and there would be obvious stratification in most sample data. This is because a coal wall with different hardness has greater force on the cutting part in the tracking area, and increases the work.
Furthermore, in order to improve the accuracy and efficiency of cutting state recognition, an SVM was utilized to carry out this goal in this paper. In this SVM, a radial basis function was selected as the Kernel function. The penalty factor and kernel parameter were optimized by cross-validation to avoid the overfitting phenomenon. For each cutting state, 30 samples were generated from the collected infrared thermal imaging video, and a total of 120 samples were used to train and test the SVM classifier. Without loss of generality, 15 samples were randomly selected from each cutting state as the training data, and the remaining 60 samples were utilized to test the classification performance. The identification results of cutting state based on the SVM are shown in Figure 19 . In the following description, the identification accuracy is obtained by the formula: (number of testing samples − number of misclassified samples)/number of testing samples × 100%. From Figure 18 , it can be found that when the hardness of a cutting coal wall increased, the temperature difference in the tracking area would also rise, and there would be obvious stratification in most sample data. This is because a coal wall with different hardness has greater force on the cutting part in the tracking area, and increases the work.
Furthermore, in order to improve the accuracy and efficiency of cutting state recognition, an SVM was utilized to carry out this goal in this paper. In this SVM, a radial basis function was selected as the Kernel function. The penalty factor and kernel parameter were optimized by cross-validation to avoid the overfitting phenomenon. For each cutting state, 30 samples were generated from the collected infrared thermal imaging video, and a total of 120 samples were used to train and test the SVM classifier. Without loss of generality, 15 samples were randomly selected from each cutting state as the training data, and the remaining 60 samples were utilized to test the classification performance. The identification results of cutting state based on the SVM are shown in Figure 19 . In the following description, the identification accuracy is obtained by the formula: (number of testing samples − number of misclassified samples)/number of testing samples × 100%. It can be observed from Figure 19 that only two samples were misclassified, and the comprehensive identification accuracy of the proposed method can reach 96.67%, which fully meets the requirements of automatic shearer control. In order to ascertain the cause of erroneous recognition, we observed the infrared images represented by the misidentified samples. In the two images, the location of the shearer cutting unit changed, resulting in a small blind area in the tracking area. The extracted features of the temperature field could not describe the cutting state of the shearer, which led to the wrong identification of samples. In general, the simulation results verify the feasibility and effectiveness of the proposed method.
In the proposed recognition system, the characteristics of the temperature field were extracted from the tracking area containing the cutting unit. In order to verify the superiority of this feature extraction method, our paper directly extracted the temperature field features from the above 120 frames of infrared images. All the simulation parameters are consistent with the previous ones, and the recognition results can be obtained, as shown in Figure 20 . In Figure 20 , the recognition accuracy is only 86.67%, far below the method proposed in this paper. The reason is that the temperature field features were extracted from the entire infrared image instead of the image in the tracking area. The sample information would contain some temperature characteristics that are irrelevant to the cutting state, thereby greatly reducing recognition accuracy. The simulation results show the necessity of tracking the cutting unit, and further verify the superiority of the proposed identification system. It can be observed from Figure 19 that only two samples were misclassified, and the comprehensive identification accuracy of the proposed method can reach 96.67%, which fully meets the requirements of automatic shearer control. In order to ascertain the cause of erroneous recognition, we observed the infrared images represented by the misidentified samples. In the two images, the location of the shearer cutting unit changed, resulting in a small blind area in the tracking area. The extracted features of the temperature field could not describe the cutting state of the shearer, which led to the wrong identification of samples. In general, the simulation results verify the feasibility and effectiveness of the proposed method.
In the proposed recognition system, the characteristics of the temperature field were extracted from the tracking area containing the cutting unit. In order to verify the superiority of this feature extraction method, our paper directly extracted the temperature field features from the above 120 frames of infrared images. All the simulation parameters are consistent with the previous ones, and the recognition results can be obtained, as shown in Figure 20 . It can be observed from Figure 19 that only two samples were misclassified, and the comprehensive identification accuracy of the proposed method can reach 96.67%, which fully meets the requirements of automatic shearer control. In order to ascertain the cause of erroneous recognition, we observed the infrared images represented by the misidentified samples. In the two images, the location of the shearer cutting unit changed, resulting in a small blind area in the tracking area. The extracted features of the temperature field could not describe the cutting state of the shearer, which led to the wrong identification of samples. In general, the simulation results verify the feasibility and effectiveness of the proposed method.
In the proposed recognition system, the characteristics of the temperature field were extracted from the tracking area containing the cutting unit. In order to verify the superiority of this feature extraction method, our paper directly extracted the temperature field features from the above 120 frames of infrared images. All the simulation parameters are consistent with the previous ones, and the recognition results can be obtained, as shown in Figure 20 . In Figure 20 , the recognition accuracy is only 86.67%, far below the method proposed in this paper. The reason is that the temperature field features were extracted from the entire infrared image instead of the image in the tracking area. The sample information would contain some temperature characteristics that are irrelevant to the cutting state, thereby greatly reducing recognition accuracy. The simulation results show the necessity of tracking the cutting unit, and further verify the superiority of the proposed identification system. In Figure 20 , the recognition accuracy is only 86.67%, far below the method proposed in this paper. The reason is that the temperature field features were extracted from the entire infrared image instead of the image in the tracking area. The sample information would contain some temperature characteristics that are irrelevant to the cutting state, thereby greatly reducing recognition accuracy. The simulation results show the necessity of tracking the cutting unit, and further verify the superiority of the proposed identification system.
Conclusions
Accurate identification of a shearer cutting state is the prerequisite of, and basic guarantee for, achieving intelligent shearer control. In this paper, infrared thermal imaging technology was utilized to capture the temperature changes of a shearer cutting a coal wall. The mathematical morphology and a spatio-temporal context algorithm were introduced to achieve the positioning and tracking of a shearer cutting unit. The related parameters were reasonably determined according to many simulations, and the experimental results indicate that the infrared thermal images can be used to accurately identify the cutting state of the shearer.
In future work, the authors will analyze the influence of different traction speeds and drum speeds on the temperature of coal wall, and deeply study the feature extraction method of infrared images. 
